Introduction
The most popular seismic attributes fall into three broad categories -those that are sensitive to lateral changes in waveform and structure such as coherence and curvature, those sensitive to thin bed tuning and stratigraphy, such as spectral components, and those sensitive to lithology and fluid properties -such as AVO and impedance inversion. We present a workflow that mimics multi-attribute clustering routinely done by human interpreters. This workflow automatically differentiates depositional packages characterized by subtle changes in the stratigraphic column as well as lateral changes in texture.
Our 3D multi-attribute analysis is based on Kohonen selforganizing maps (SOM), which is one of the most commonly used unsupervised classification algorithms. The aim of this study is to map the heterogeneous Mississippian tripolitic chert reservoirs in a survey from Osage County, Oklahoma, using automatic seismic facies analysis. The results are then correlated with the geology and the log information in the survey.
Kohonen Self Organizing Map
A Kohonen Self-organizing map (SOM) is one of the most commonly used unsupervised pattern recognition techniques. Kohonen SOM clusters data such that the statistical relationship between the multi-dimensional data is converted into a much lower-dimensional latent space that preservers the geometrical relationship among the data points. The SOM training takes place on latent space vectors derived from the original dataset. Training is performed with knowledge from the input dataset. Strecker and Uden (2002) were perhaps the first to use 2D latent spaces with geophysical data, using multidimensional attribute volumes such as envelope, impedance, and AVO volumes to form N-dimensional vectors at each voxel.
Application of SOM to generate 3D seismic facies volume
In our 3D SOM algorithm, the input consists of several mathematically independent volumetric attributes where the number of input attributes determines the mathematical dimensionality of the data. In this application, we normalize our input data vectors using a z-score algorithm. Thus our input data has a vector assigned to each of the (x, y, z) locations in our 3D survey. We call this new volume the normalized multi-attribute volume. We start the training by first projecting this normalized multi-attribute volume onto a 2D latent space defined by using the eigenvalues and eigenvectors obtained from Principal Component Analysis. The latent space is then uniformly sampled with nodes which are actually vectors having the same dimensions as the number of volumes taken as input. For example if there are five input attribute volumes, each of the prototype vectors (PVs) in the 2D latent space is 5-dimensional. Due to the limitation of our visualization software, which provides only 256 colors, we have limited our over-defined prototype vectors to be 256.
We apply the SOM training rule to cluster these vectors in the latent space. The PVs are trained in the 2D latent space and their positions updated after each iteration, resulting in a newly updated position of the PVs. As the updating slows down, the training process stops. With an increasing number of iterations, the PVs move closer to each other and to the data points within the latent space. Linearly projecting the multi-dimensional PVs onto a 2D latent space causes some overlap in the projections. Thus after the final iteration we do a non-linear projection of the PVs using a Sammon projection, reducing some of the overlap of the PVs in the latent space. We use 2D HSV color model to assign continuous color to the PVs according to their distance from their center of mass and their azimuth. Once trained, the Euclidean distance is computed between each PV, m i ′, and the multi-attribute input data vector, x n at each voxel using || x-m b '||=min {|| x n -m i '||} …………. (1) where, m b ' is the nearest PV to the input data sample vector x n . Each voxel in the 3D data space is then assigned the color corresponding to m b ' . In this manner, two dissimilar neighboring samples in the seismic volume will be far apart in the latent space and have different colors (Roy et al., 2011) . Conversely, two similar samples in the seismic volume will have nearly the same color. Each color represents a seismic facies, most of which are geologic facies, but some which may be seismic 'noise' facies.
Mississippian Chert reservoirs
We use this 3D multi-attribute clustering analysis to understand the Mississippian tripolitic chert reservoirs and the formations below the Oswego limestone. The general stratigraphic column (Figure 1 ) shows the Mississippian tripolitic chert interval, which is present at the unconformity between the Pennsylvanian and the Mississippian age in north central Oklahoma and southern Kansas. A warm, shallow sea with plentiful marine life covered most of Oklahoma during the Mississippian, approximately from 359 Ma to 318 Ma (Elebiju et al., 2011; Rogers, 2001 ). An extensive shelf margin existed, trending east-west along the Oklahoma-Kansas border (Watney et al., 2001 ). Our dataset is from Osage County, Oklahoma, which sits on top of the Cherokee Platform and is bounded to the west by the Nemaha Uplift and to the east by the Ozark Uplift (Johnson, 2008) . Rogers (2001) describes a model for Mississippian tripolitic chert development primarily from weathered or eroded Mississippian Lime, which was deposited as debris flows downslope into the mud matrix. First, silica replacement of carbonates occurred at the molecular level. Then, with continuing basement uplift, leaching occurred and meteoric waters dissolved the remaining calcite present in the rocks resulting in abundant secondary moldic and vuggy porosity.
Occurrence of the chert is widespread, but unlike the lime, it is in altered from and is not continuous throughout the Mississippian section (Rogers, 2001) . Much of the lime has also been altered to a dense, non-porous chert. The tripolitic chert reservoirs are heterogeneous and have high porosity and low permeability forming sweet spots in the reservoir. The lime and non-porous chert section is highly fractured. Ideally, horizontal wells are drilled perpendicular to the fractures in the limestone-tight chert formation, hydraulically fractured and/or acidized thereby providing the necessary plumbing to produce multiple sweet spots. The log responses of tripolitic chert zones show lowresistivity, low density and high porosity of 25-30% (Figure 2 ). With the seismic facies analysis, we try to visualize and map the heterogeneous chert reservoirs. (Rogers, 2001) . The Note the tripolitic chert log response of high porosity, low permeability, low resistivity and low density.
Workflow for seismic facies analysis
We evaluated two different hypotheses corresponding to two different sets of input volumetric attributes to our clustering algorithm. This has been done to find the 'best attribute' to do a proper analysis of the heterogeneous chert reservoir. The first hypothesis assumed that the tripolitic chert would have a random, almost chaotic, but high energy response, and consisted of five input attribute volumes, namely, peak frequency magnitude, Sobel filter similarity, coherent energy and two GLCM texture attributes variance and entropy. We thought that these attributes should help in classifying the dataset on the basis of amplitude and texture variations. Figures 3-5 shows different features in the 3D seismic facies volumes generated as its output.
The second hypothesis assumed that magnitude of reflector convergence, coherency, coherent energy and dip magnitude would better differentiate the chert. The coherency and the dip will better highlight the discontinuities within the reservoir thus adding a structural feature combined with the irregular amplitude variation (from coherent energy) of the chert zone. These volumetric attributes when clustered help to identify the different discontinuities of the lithological settings of the seismic facies within the survey. Figures 6-8 shows different features in the 3D seismic facies volumes generated as output after the second analysis.
Seismic Facies analysis of Mississippian Chert
The different colors of the seismic facies volume from the multi-attribute analysis represent the variation in seismic facies. Different depositional facies are the different prototype vectors (plotted as different multiattribute "waveforms") and are colored accordingly. Input to the cluster analysis included peak frequency magnitude, Sobel filter similarity, coherent energy and GLCM texture variance and entropy. The blue arrow below the Oswego top represents a shale-filled channel. The heterogeneous chert deposits are probably the lightercolored seismic facies around the Mississippian Lime horizon.
Figure 5: A 20 ms thick seismic facies volume probe around the Mississippian lime formation generated from the first multiattribute cluster analysis. We interpret the dark red continuous features to be limestone-rich seismic facies and the green patchy inclusions to be more porous, tripolitic chert. .
The second multi-attribute seismic facies analysis shows similar features as the previous analysis. The discontinuities of the chert zones are better visualized in this analysis. The limestone rich facies are probably the continuous "bright red" colored facies (Figure 6 ). The navy blue colored facies correspond to the discontinuities mostly based on change in dip or fractures present in this zone. The chert having low density and high porosity have different seismic characteristics than the limestone rich facies and the lighter colored zones are interpreted as probable tripolitic chert rich zones. Comparing the two results the second analysis shows better heterogeneity of the chert reservoirs and is used for well correlation. (Figure 8 ) we make the red colored facies (which we interpreted as the probable lime rich facies) and the deep blue facies (which we interpreted as the discontinuities) transparent and left the lighter colors (which we interpreted as the chert rich facies) as opaque. Figure 7 has been rendered transparent, highlighting the tripolitic chert facies. Well 'A' encountered a thick tripolitic chert interval of ~70-80 ft. Well B encountered a tripolitic chert interval ~40 ft.
Discussion
The tripolitic chert rich zones are heterogeneous, have low impedance and high porosity in contrast to the more homogeneous (though fractured) high density, high impedance limestone and tight chert formations. These two facies exhibit a very different seismic signature such that they can properly differentiated using both the unsupervised seismic facies analysis. The second analysis does a better job in differentiating and segmenting the structural boundaries of the possible tripolitic chert rich zones across the survey.
Using transparency to remove the dominant seismic facies helps enhancing the appearance of the less continuous, more heterogeneous seismic facies (light colored facies).
From Figure 8 , we infer that in the east, southeast, central and northwest of the survey, the zone around the Mississippian lime is less chert rich. This high porous tripolitic chert with low permeability should be hydrofractured to enhance the hydrocarbon production.
Conclusions
We propose an alternative workflow that provides a volumetric estimation of seismic facies. The heterogeneous nature of the chert reservoir is highlighted with subtle color variations of the zone above the Mississippian Lime. Barnes and Laughlin (2002) found that the power of classification is heavily dependent on the choice of attributes. We confirm this observation with our analysis and find that our second analysis better delineates the structural and facies boundaries within the seismic facies volume. Our confidence in the unsupervised seismic facies analysis will increase as more wells are drilled within the survey.
